Rainfall data are an essential input for many simulation models. In fact, these latter have a decisive role in the development and application of rational water policies. Since the accuracy of the simulation depends strongly on the available data, the task of optimizing the monitoring network is of great importance. In this paper, an application is presented aiming at the evaluation of a precipitation monitoring network by predicting monthly, seasonal, and interannual average rainfall. The method given here is based on the theory of the regionalized variables using the well-known geostatistical variance reduction method. The procedure, which involves different analysis methods of the available data, such as estimation of the interpolation uncertainty and data cross validation, is applied to a case study data set in Tunisia in order to demonstrate the potential for improvement of the observation network quality. Root mean square error values are the criteria for evaluating rainfall estimation, and network performance is discussed based on kriging variance reduction. Based on this study, it was concluded that some sites should be dropped to eliminate redundancy and some others need to be added to the existing network, essentially in the center and the south, to have a more informative network.
INTRODUCTION
Rainfall is highly dynamic and constantly changing in form and intensity across a given region, especially in semi-arid regions (Cudennec et al. ) . An important stage in many meteorological applications, climatic analysis and engineering design projects is the point or areal estimation of climatic variables over a catchment area from data taken at several weather stations. Traditionally, rainfall rates are derived from rain-gauge measurements. To estimate precipitation properly, an optimal spatial distribution of raingauges is required (Xu et Asghari & Nasseri ; Wu et al. in press) . Thus, special attention is required not only during the actual measurements but also in the design of the rain-gauge monitoring network.
Rain-gauge monitoring networks are often installed to provide measurements that characterize the temporal and spatial variations in rainfall. However, even though modern rain-gauges are capable of providing the rainfall rate in real time at a very fine resolution in time, the spatial variation of rainfall is still difficult to characterize without a well-designed rain-gauge network (Xu et al. ) . PardoIguzquiza () has indicated that the problem of raingauge networks' optimization could be considered rather out of date, as current weather radar analysis provides an estimation of rainfall rates at an excellent spatial and temporal resolution. However, complete coverage by weather radar is still limited in some countries and, anyhow, remains of pixel rainfall estimates (Chang et al. ; Wu et al. ) , satellite images alone still cannot provide accurate rainfall estimates at the spatial resolution required to match raingauge measurements.
Otherwise, the selection of rain-gauge locations is affected by many factors, such as accessibility, ease of maintenance, and topographical aspects, and the minimum density required for a rain-gauge network is dependent on the temporal resolution of the desired rainfall measurements. The optimization of a rain-gauge network for large time scale (annual, monthly, daily, etc.) measurements does not imply that it is optimal for less important ones.
Generally, it is not due to the position of the rain-gauges, but due to their number (Pardo-Igùzquiza ). A much denser network is often necessary to characterize rainfall patterns with great variability and intermittency, even if optimization is now sometimes used for cost-driven reduction of the networks.
Determining a precise methodology for both expanding and evaluating the existing rain-gauge network is essential to understand the capacity of the network and the quality of the data it provides. Consequently, when selecting raingauges, one must take into account both their number and location to ensure the greatest accuracy in estimating rainfall. However, increasing the number of sampling points may produce a redundancy in the data which in turn reduces cost efficiency. Cost considerations are especially critical in developing countries that face extreme pressures on both their water and financial resources.
Designing accurate rainfall monitoring networks has occupied researchers for many years. Over the last decade, a number of public agencies whose purpose is to monitor environmental variables (Nunes et describe the spatial variability of monthly rainfall data, and they used the property of kriging variance for the optimal design of the rain-gauge network. A criterion using ordinary kriging variance is proposed by Cheng et al.
() to assess the accuracy of hourly and annual rainfall estimation using the acceptance probability defined as the probability that estimation error falls within a desired In summary, there are numerous inter-related factors affecting rain-gauge network design as the objective of designing a network: the process considered, the attribute under consideration, the temporal scale, the spatial scale, the topographic setting, types of precipitation, the nature of the objective function used for and the optimization algorithm used for minimization or maximization purposes (Shaghaghian & Abedini ) . The main objective of this article is to evaluate an existing rain-gauge network in a semi-arid region using the kriging variance reduction method for three time scales: monthly, seasonal, and interannual. The advantage of the kriging-based approach is that the variance of estimation is independent of the actual measurements; therefore, the network can be predesigned. We first describe the topographic and rainfall of the study area and the selected data used, before presenting the methodology. Then, the results are given and discussed.
The final section gives the conclusions drawn from this research.
MATERIALS AND METHODS
The case study and data July, August), autumn (September, October, November), and winter (December, January, February). Then, monthly, seasonal, and interannual average rainfalls were calculated for each rain-gauge station with its own period of observation which varies from 30 to 100 years. Stationarity was confirmed for all rainfall series as they exceed 30 years (Feki ) . All rainfall amounts were expressed as 1/10 mm and corresponding statistical analysis was carried out in Table 1 .
Methodology
Kriging is a spatial interpolation method which predicts distribution of precipitation optimally (Abedini et al. ) . One Table 1 | Summary statistics of monthly, seasonal, and interannual average rainfalls 
where h is the distance vector and s is the location vector.
Equation (1) The UK (Brus & Heuvelink ) system is given by the following equation:
and its estimation variance is: system is:
where the minimal prediction variance:
where μ 1 and μ 2 are the Lagrange parameters, f l (l ¼ 0, 1, 2, …, L) are deterministic functions of the geographic coordinates, λ j are the kriging weights, and γ h ð Þ is the semivariogram of Z(s i ).
RESULTS AND DISCUSSION

Redundancy elimination
The cluster analysis was performed based on Ward's method and using the interannual, seasonal, and monthly average rainfall (5 þ 12 variables) of the selected rainfall stations.
The rain-gauges' classification is carried out according to different scales. In fact, there are, initially, two big clusters which represent the north and the south of the country.
Then, when the dissimilarity decreases, the number of clusters is more and more important. For this study, we have retained clusters corresponding to the third level of dissimilarity. This classification divided the rain-gauges set into 16
clusters with similar climatic and geographic characteristics.
The matrix distance between the 140 rainfall stations is calculated. Then, the series of rain-gauges within 10 km distance of each other (Ferguson ) are compared and stations with more complete rainfall series are retained for each cluster. Finally, 101 stations were retained (Figure 2 ).
Characterizing the spatial variability of rainfall
The 101 rain-gauges are used in the semi-variogram calculation using the VARIOWIN Software. Under the second order assumption, a semi-variogram approaches its sill. However, except for July, the remaining calculated semi-variograms are fitted visually by power type (Table 2) . Therefore, the semi-variograms increase without a sill; it means that the random rainfall field is non- Therefore, using such automatic methods of fitting as least square method, cross-validation, etc. is not justified as much as the phenomenon must be well-known spatially.
Spatial variation of interannual rainfall
Interannual rainfall semi-variograms are calculated for the 101 rain-gauges and fitted with power type model Spatial variation of monthly rainfall Figure 5 shows the experimental and fitted sample semivariograms of the monthly average rainfall for the four illustrative months: October, January, March, and June.
The parameters of all the semi-variograms are given in Table 2 . Except for the month of July, all the other months have a power type model of semi-variogram 
). Even if the network is relatively dense in the north,
it turns out to be insufficient to account for certain microregionalization.
Rainfall cartography
In this study, we have assigned a deterministic status for the internal and external drift, and we have admitted that the semi-variograms of the main variable (rainfall) and the residuals are closer ( The four months of October, January, March, and June are used for illustration.
In general, the two methods show the same rainfall spatial repartition with some localized differences (Figures 7-9 ). The most important precipitation amounts concern the north-west region for the autumn, winter, and spring seasons, and the interannual map with the highest amount during winter (January) due to the fact that the isohyets are closer in that region than in the center and the south. During summer, the most important precipitations concern the high altitude of the dorsal.
Furthermore, for the two methods, the direction of the monthly average rainfall isohyets changes with regions and seasons; in fact, in autumn (October), the isohyets that have a north-east/south-west direction in the north change to a north-west/south-east direction During the winter season (January), there is a visible important gradient in the north-west of the country, but in the center and the south there is no spatial structure. In spring, the isohyets keep the same direction, namely, the north-east/south-west, but with a more important gradient in the north than in the center. Finally, the interannual rainfall isohyets' disposition is a combination of the seasonal ones; therefore, we distinguish an important north-west/ south-east gradient in the north-west and a less important gradient all over the center and the south.
Cross-validation
To assess the performance of each prediction method, 
Distribution of estimation uncertainty
One of the advantages of the kriging algorithms is the fact that they calculate the associated estimation uncertainty. 
The mapping The proposed approach to study the optimization of a network and decide about its capacity can be as follows:
• Calculate a semi-variogram that includes all events or any time lag of the studied field.
• Calculate and map the kriging standard deviation of this field.
• Identify areas of strongest local maxima of kriging standard deviation.
• Implement fictitious observation stations in these areas and re-calculate the kriging standard deviation.
• Calculate and map the gain in precision.
• Identify areas where the gain exceeds a given threshold, these areas are concerned by the implementation of new stations.
• Seek valuable sites in these areas to install actual station measures, responding to other informative and practical criteria such as the absence of obstacles, easy access, and availability of means of communication.
CONCLUSION
In this paper, we are interested in optimizing the design of the rain-gauge network in Tunisia based on reducing the variance of kriging. A first phase of statistic analysis, on mean monthly, seasonal, and interannual data, is followed by the computation of the experimental semi-variograms and the and the gain assessed. We have concluded that in the northern part of the country the system interpolation is not sensitive when adding additional information. Therefore, the existing network satisfactorily describes rainfall spatial variability. Indeed, the maximum obtained gain in precision exceeds 10%. In the center, the system is averagely sensitive when adding new stations, since the gain in precision varies between 20 and 40%. In the south, the gain accuracy can reach 80%. Consequently, the network is insufficient to 
